ABSTRACT Rodent inbred line crosses are widely used to map genetic loci associated with complex traits. This approach has proven to be powerful for detecting quantitative trait loci (QTL); however, the resolution of QTL locations, typically ‫02ف‬ cM, means that hundreds of genes are implicated as potential candidates. We describe analytical methods based on linear models to combine information available in two or more inbred line crosses. Our strategy is motivated by the hypothesis that common inbred strains of the laboratory mouse are derived from a limited ancestral gene pool and thus QTL detected in multiple crosses are likely to represent shared ancestral polymorphisms. We demonstrate that the combined-cross analysis can improve the power to detect weak QTL, can narrow support intervals for QTL regions, and can be used to separate multiple QTL that colocalize by chance. Moreover, combined-cross analysis can establish the allelic states of a QTL among a set of parental lines, thus providing critical information for narrowing QTL regions by haplotype analysis.
Q UANTITATIVE trait locus (QTL) analysis is a phe-
identify the gene (Glazier et al. 2002; Abiola et al. 2003) . This seemingly straightforward strategy has notype-driven, experimental approach to identify genomic regions that harbor polymorphisms affecting proven to be challenging in many cases (Nadeau and Frankel 2000) , although more optimistic views on the the distribution of a measurable trait in a mapping population. Knowledge of the number, location, and effects situation have also been expressed (Korstanje and Paigen 2002) . of the genetic loci underlying variability in a trait can aid our understanding of the biochemical basis of the Many common diseases in humans including osteoporosis, atherosclerosis, diabetes, and hypertension are trait. Despite the power of QTL analysis, the mapping approach has some limitations. Detection of a QTL with known to be complex-determined by the interaction of multiple genetic and environmental factors. Rodent desirable power and accuracy in an inbred line cross depends on the genetic diversity between the parental inbred lines can model human disease traits and inbred line crosses provide a powerful approach to mapping strains, heritability of the trait, the size of the cross, and the density of genetic markers (Kao and Zeng 1997) .
the genetic loci associated with these diseases (Paigen 1995) . In many instances, disease-related traits have In a single intercross or backcross, it may be difficult been studied in multiple mouse crosses. We propose a to distinguish multiple tightly linked QTL from a single strategy to improve the power and resolution of QTL QTL of large effect. Furthermore, the QTL support mapping by utilizing the combined information in two interval may be large, typically 20-40 cM for mouse or more inbred line crosses. These crosses may or may crosses. Investigators often encounter difficulty when not include parental lines in common. In any single they attempt to narrow the QTL region. Adding markers cross of two strains, we are limited to discovering only is helpful but resolution is fundamentally limited by the loci that show allelic variation between those strains. By number of recombination events in the cross populalooking at multiple crosses, we can sample more allelic tion. The direct approach to narrowing a QTL region variation, and thus we have an opportunity to detect is to pursue mapped loci as targets for positional cloning additional loci that can be implicated in a disease model. by isolating the QTL region on a fixed background in If QTL appearing in multiple crosses represent the same a congenic strain, using additional crosses to fine map, ancestral polymorphic loci, then by combining crosses and then applying techniques such as BAC rescue to we can achieve greater sample size and power for detecting and localizing these shared QTL.
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Present address: The University of New South Wales, School of Bio-the combination of multiple crosses each from two inever, it is not possible to know a priori the allelic states of QTL and different QTL in the same cross may have bred parental strains have been explored as methods for QTL detection using multiple-allele models (Zeng different patterns of alleles across the parental strains. The strategy proposed here can exploit the power of a 1994; Liu and Zeng 2000). Several reports describing combined QTL analysis have appeared recently (Wallbiallelic model but does not lose information or restrict the possible allelic states of the QTL. ing et al. 2000; Hitzemann et al. 2003; Park et al. 2003) and we expect this trend to continue. When a cross involves two inbred strains, only two alleles are segregat- MATERIALS AND METHODS ing at any given locus. However, in outbred crosses or multiway crosses, it is usual to assume that multiple Combined-cross analysis overview: A combined-cross analyalleles are segregating at any given locus. The statistical sis involves several steps of data processing and interpretation. Details of each step are provided in the sections that follow. models required represent a straightforward extension
Here we provide an overview to tie the various steps together.
of the usual two-allele models. For example, Rebai et It is important to emphasize that this is not a rigid prescription.
al. (1994) (Silver 1995; Beck et al. 2000) . The genomes of these
The next steps are merging the data and running a genomewide scan analysis on the combined data. It is assumed that strains were predicted to be a mosaic of regions with the phenotype data are measuring the same trait in all crosses.
origins that can be traced back to a few subspecies (BonSome care must be taken to scale data before merging them.
homme 1986). The mosaic structure of variation in the An indicator variable, cross, is created and included along with laboratory mouse genome was recently evidenced by any other covariates that may be relevant to the analysis. The single-nucleotide polymorphism (SNP) analyses indicatgenotype data are merged using a binary encoding that reflects the expected allele types of a shared QTL. This encoding may ing that inbred laboratory mouse strains are largely debe based on the parental phenotypes. Now we can carry out rived from two original subspecies (Mus mus domesticus a combined-cross genome scan using cross as an additive covariand M. m. musculus) with limited contributions from M. ate (Comb1) to detect shared QTL. Then we carry out a gem. castaneus. Indeed, for most of the regions investinome scan using cross as an interactive covariate (Comb2) to gated, only two different ancestral haplotypes were obdetect cross-specific QTL. A significant change in the LOD score (⌬LOD1) between these scans indicates that a QTL has crossserved among nine strains (Wade et al. 2002) . This obspecific effects.
servation suggests that we may be able to improve the is not strictly biallelic, the effects of a shared QTL may the presence of multiple QTL even when a formal test is not behave as a biallelic locus having only "high" and "low" significant. The local analysis is intended to clarify the nature alleles.
of QTL that have already been declared to be significant in In this article, we report a simple but effective apthe genome-wide scans. In addition, one should consider the estimated effects of the QTL in the individual and combined proach for improving the power and resolution of QTL crosses. A set of QTL allele-effect plots at critical locations detection using combined data from two or more inbred along a chromosome can help to resolve linked and crossstrain crosses. We propose a binary encoding based on specific QTL. the biallelic hypothesis to reduce the number of alleles Integration of genetic marker data: Genetic map positions for markers in each of the crosses in this study were retrieved DBA/2 (D), CAST/Ei (C), and 129S1/SvImJ (S). The four crosses, three of which have been previously described, are from the Mouse Genome Database (http:/ /www.informatics. jax.org). When multiple crosses share the same set of markers, P ϫ I (Wittenburg et al. 2003) , P ϫ D, C ϫ D (Lyons et al. 2003a) , and C ϫ S (Lyons et al. 2003b) . Mice in each of the integration of the marker genotype data is straightforward. However, data may be merged even if different markers were crosses were assayed under high-fat diet conditions (Khanuja et al. 1995) for plasma high-density lipoprotein (HDL) cholesused, provided that a reliable map order and approximate genetic map positions (in centimorgan units along each chroterol. The P ϫ I cross includes 305 mice genotyped at 107 markers; P ϫ D has 324 mice and 97 markers; C ϫ D has 278 mosome) are known. Genetic distances between marker loci may vary somewhat from cross to cross but the precise location mice and 109 markers; C ϫ S has 277 mice and 100 markers. Crosses P ϫ I and P ϫ D include both sexes but crosses C ϫ of markers on the genetic map has little practical impact on QTL analysis. Correct relative ordering of markers is crucial D and C ϫ S include only males. In each of the crosses, F 2 progeny were obtained from F 1 parents using both directions for combining the genotype data. To merge the data sets in this study, we computed a set of 128 multiple imputed genoof crossing, e.g., P ϫ I and I ϫ P, where the first letter denotes the strain of the maternal parent of the F 1 mice used to genertypes on a dense (2-cM) grid of genomic locations, using the same grid for each cross. We then merged the imputed data ate the F 2 progeny. Further details are provided in the references listed above.
sets and carried out QTL analysis using the method of Sen and Churchill (2001) . In principle the same analysis could Combining the phenotype data: Plasma HDL cholesterol was measured in milligram per deciliter units as described in be carried out using an EM algorithm (Lander and Botstein 1989; Kao and Zeng 1997) , but the simplicity of merging (Lyons et al. 2003a) . Both the mean and the variance of HDL cholesterol varied significantly across the four intercross imputed data sets is appealing in this application. Binary encoding of alleles for combined-cross analysis: The populations. Box plots of the raw and transformed data (Figure 1) indicate that a logarithmic transform overcorrects the power of the genome-wide combined-cross analysis is achieved by recoding of the parental alleles to a binary allelic pattern. variance heterogeneity, whereas square-root transform, an intermediate between the logarithmic and untransformed data,
The choice of recoding schemes will depend on the particular set of crosses under consideration. In our example the crosses stabilizes the variance in HDL levels. Transformation of data is often applied to achieve approximate normality of residual form a chain (I ϫ P ϫ D ϫ C ϫ S) in which the phenotypes of the parental strains are alternating. Strains P and C have effects. In a combined-cross analysis, crosses with greater variability in the phenotype will have a greater influence. Thus, high HDL cholesterol and strains I, D, and S have low HDL cholesterol levels. This suggests a binary recoding of alleles it is important to stabilize the variances in this setting. If no simple transformation is able to achieve this, data could be as shown in Figure 2 . In a combined-cross analysis any two strains that are paired standardized within crosses before combining. In this case, we used the square-root transform of HDL in all subsequent in an individual cross should have distinct codes (i.e., all crosses are A ϫ B) and an indicator for the cross should be retained analyses.
QTL mapping methods (single-cross analysis):
We carried in the recoded data. In this way we can ensure that no information is lost. The original identity of any genotype can always out genome-wide scans for both main-effect and interacting QTL in individual crosses using the method of Sen and Churchill (2001) . Logarithm of odds ratio (LOD) scores were computed at 2-cM intervals across the genome and significance was determined by permutation testing (Churchill and Doerge 1994) . Following the guidelines proposed by Lander and Kruglyak (1995) we interpret the 0.05 and 0.63 levels as significant and suggestive, respectively. (Note that in the original reports of these crosses we used a more stringent definition of suggestive QTL, P Ͻ 0.10, genome-wide adjusted.) Simultaneous-search genome scans for all pairs of markers were carried out to detect epistatic interactions (Sen and Churchill 2001; Sugiyama et al. 2001 ). Significant QTLby-QTL interactions are detected as locus pairs with significant (P Ͻ 0.05, genome-wide adjusted) joint LOD score and a significant (P Ͻ 0.001, unadjusted) interaction component. Support intervals for QTL localization were computed by the 
Column 5 lists all possible bipartitions of QTL alleles among five strains. In Columns 1-4 Ϯ indicates the presence/absence of a QTL peak in a cross. Column 6 shows the predicted presence/absence of a QTL peak in cross I ϫ S and the last column lists QTL found in this study. Chr, chromosome.
be recovered by knowing which cross the animal came from a peak can be ambiguous. It is helpful to examine the "shape" of the LOD curve to detect clues that multiple linked QTL and which strains are coded as A and B in that cross. Any crosses between two strains that would both be coded as A may be present. The direction of locus-specific allele effects in each cross can provide additional evidence regarding the (or B) should be left out of a combined-cross analysis as they will be uninformative.
parental distribution of QTL alleles. Linear models, LOD scores, and genome scans: In a simple Having selected a recoding scheme for combining crosses, we must immediately acknowledge that not all QTL in the genome scan, we make a comparison between two linear models of the data, cross will share the same distribution of allelic states across the set of parental lines. Indeed, transgressive QTL for which y i ϭ ␤ 0 ϩ ε i (1) a low parent may contribute a high allele are common. Recoding focuses our search on the most likely QTL configurations.
At the same time we need to ensure that we do not miss QTL that have other allele distributions across the strains. QTL where y i are the phenotypes, ␤ 0 and ␤ 1 are regression coefficients, and ε i are normal errors. The index i runs through all that fail to meet our expectations can still be detected and analyzed as described below. We considered the possibility of individuals in the cross(es). We allow the QTL, represented by genotypes Q i , to scan over a grid of locations covering the genome-wide scans using all possible binary recoding of alleles. However, this approach raises issues of multiple testing genome and plot a LOD score to summarize the evidence for a QTL at each location. The LOD score, in this case, is the that are likely to offset any advantages of the binary QTL model. difference in the log 10 likelihood values between models (1) and (2), where the individual model likelihoods are maxDecoding allelic distributions from QTL peaks: Suppose we have carried out genome scans on several individual crosses.
imized with respect to the regression coefficients. If, instead of maximizing, we average over ␤ j with respect to a Bayesian Ideally we will know for each cross whether the QTL is present or absent. In practice, there will be a gray area and this could prior distribution, we obtain the log posterior density of the QTL location (Sen and Churchill 2001) . Note that Q i is lead to some ambiguity in interpretation. If a QTL is present, the parental strain must carry different alleles and, if it is treated as a "dummy variable." For a backcross, Q i may be coded simply as 0 or 1 but for an intercross, Q i will be repreabsent, parental strains will carry the same allele or alleles that do not differ in effect. Thus the pattern of presence or sented by two indicator variables and ␤ 1 will have two components. This convention helps us to avoid unnecessarily compliabsence of QTL peaks provides information about the allelic distribution across the strains in a set of crosses. When the cated notation. The actual states of the genotypes represented by Q i cannot be observed directly. These must be inferred crosses form a chain, it is possible to uniquely determine the allelic distribution of a QTL from the pattern of presence or from marker data and phenotype values. Proper analysis requires that the QTL genotypes should be treated as missing absence in the individual cross genome scans (see Table 1 ). If the chain is closed to form a loop of crosses (by adding data and an EM, imputation, or other "missing data" algorithm (Schafer 1997) should be used to compute the maximized cross I ϫ S in this case), a confirmatory prediction is obtained. This redundant information could provide a check of the likelihood. The problem of constructing missing data algorithms for QTL analysis has been thoroughly addressed biallelic model. For other sets of crosses several allelic distributions may be consistent with the observed pattern of QTL (Lander and Botstein 1989; Kao and Zeng 1997; Sen and Churchill 2001) . Thus, we can focus on the statistical model peaks. In practice, some care is needed to properly interpret a pattern of QTL peaks in multiple crosses. Whereas significant linking genotype to phenotype without having to worry about the details of the computations. peaks clearly indicate the presence of a QTL, the absence of The simple genome scan explicitly assumes that a single I and a low allele in cross P ϫ D. The LOD score contrasting model (5) and model (3) can be used to construct a genome QTL is affecting the phenotype. In general a phenotype may be influenced by multiple QTL as well as by factors such as scan (Comb2) for QTL that show any pattern of effects, not necessarily the pattern implied by the binary encoding of sex or treatment variables and interactions among any of these. How do we go beyond simple genome scans to incorporate a alleles. The problem of establishing significance levels for genome richer class of models in our search for QTL?
First consider the introduction of a covariate into a genome scans has been extensively studied. Our preferred method is to use permutation analysis (Churchill and Doerge 1994) . scan. Including a term for an additive covariate in each of models (1) and (2) we obtain the pair of linear models:
When performing the permutations, it is important to retain the pairing of phenotypes and covariates (e.g., cross and sex).
If the X chromosome is scanned, permutations should be stratified by sex to avoid "illegal" genotypes. Stratification by
(4) cross preserves the covariance structure of the combined crosses. A combined-cross analysis involves construction of A genome scan based on the LOD score contrasting models (3) and (4) accounts for the effects of a covariate that may several genome scans. The scans are not independent and we have applied genome-wide adjusted thresholds on a per-scan be a factor (such as sex) or a continuous covariate (such as body weight) that has an additive effect on the average basis. The significant QTL are selected using stringent criteria from the combined scans (Comb1 and Comb2). The individphenotypic value. Multiple covariates can be included and QTL at fixed, unlinked locations can be included as covariates ual cross scans are used primarily for decoding the QTL allelic distributions and may be interpreted more liberally using a in a scan.
The QTL effect may depend on the state of a covariate. For suggestive threshold for significance.
Testing cross-specific QTL: If a QTL is detected in the example, a QTL may have an effect only in male mice in a cross that includes both sexes. To model this we include a genome scan using model (5), we can test for cross-specific effects by computing the change in LOD score between mod-QTL-by-covariate interaction term in the linear model:
els (5) and (4) at the peak location of the model (5) (Comb2)
(5) genome scan. We refer to this test statistic as ⌬LOD1. It will be large for any QTL that deviates from the predicted pattern To make inferences about covariate-dependent QTL effects, of allele effects. one must consider all three models, (3), (4), and (5). One
We use the asymptotic chi-square distribution of the likelireasonable approach is to scan the QTL position computing hood-ratio statistic to establish the significance of ⌬LOD1. We the LOD score contrasting model (5) with model (3). This have not applied any multiple test correction because the test provides a peak LOD score at the most likely position of the is carried out at a single, fixed locus. To convert a LOD score QTL. We then compute the change in likelihood between to the chi-square scale, compute 2 ϭ 2 ln(10 LOD ), where ln models (4) and (5) at the peak position obtained under model is the natural logarithm. The degrees of freedom for the chi (5) as a test for the QTL-by-covariate interaction.
square are determined by the difference in the number of Genome scans for combined crosses: Suppose we are interfree parameters between the models being compared. In the ested in QTL that may be shared across two or more inbred example below, ⌬LOD1 has 6 d.f. and the 0.05 LOD critical line crosses and we have recoded the alleles as described value is 2.73. above. We can employ the set of linear models (3), (4), and
Resolving linked QTL: When we observe coincident QTL (5) to construct genome scans. In this case X i is a cross indicain two or more crosses it is always possible that these are tor. Model (3) represents the null hypothesis of no QTL and distinct QTL that have colocalized by chance. This situation model (4) represents a shared QTL. Including cross (X i ) as could be described by a model, an additive covariate accounts for differences in the average phenotype between crosses but the QTL effect is assumed to
be the same in all crosses. The LOD score contrasting models (6) (3) and (4) is used to construct a genome scan (Comb1) for shared QTL.
with two cross-specific QTL. We can fit this multiple-QTL model using a simultaneous scan of all locus pairs on a single The cross term in these models plays the same role as the polygene term in Liu and Zeng (2000) . In a single inbred chromosome. The maximum LOD obtained in the pairwise scan can be compared to the maximum LOD obtained in the line cross, all individual progeny are equi-correlated and the correlation structure can be safely ignored. When multiple single-locus scan using model (5). The difference in log 10 likelihoods provides a test (⌬LOD2) for two QTL. This apcrosses are combined this is no longer true and the cross term is important to avoid bias in estimation and to obtain a proach may be modified depending on the circumstances. For example, if we suspect that there are two linked QTL, powerful test with the correct type I error level (Zou et al. 2001) . This covariance interpretation suggests that it may be one shared and one cross-specific, we could drop one of the QTL-by-cross interaction terms from model (6). It is also possireasonable to treat cross as a random term in a mixed linear model. However, we are looking at a small number of crosses ble to scan a chromosome using a three-QTL model. Significance of ⌬LOD2 can establish the presence of multiple and these crosses are the focus of our inference. Thus, we have chosen to treat cross as a fixed effect following the recomlinked QTL that might otherwise appear to be a single shared QTL. The computation involves scanning the QTL locations mendation of Zou et al. (2001) .
QTL effects may vary from cross to cross. For example, the under both models. Hence multiple testing is an issue. The comparison is made between two models with different num-QTL may be absent in one cross but present in another. Model (5) includes a QTL-by-cross interaction term that allows each bers of QTL whose locations are free to vary. This leads to a situation where the usual assumptions of likelihood-ratio testgenotype in each cross to have its own effect. This recapitulates the multiple-allele model and is essentially identical to the ing do not apply (Self and Liang 1987) and we cannot rely on standard asymptotic results. Furthermore, the null model multiple-allele model of Liu and Zeng (2000) . When some of the crosses share strains in common, model (5) is slightly [model (5) ] in this test includes a QTL so it is not obvious how permutation analysis can be applied. Therefore, we simulated more general than the multiple-allele model. For example, we could have strain P contributing a high allele in cross P ϫ data from a single-QTL model with effect sizes estimated from Table 2. the cases considered here, ⌬LOD2 values that exceed 4.5 may Among the QTL detected, chromosome 4 stands out as be regarded as significant evidence for two linked QTL. It is the most significant and it appears to be the only QTL important to emphasize that failure to achieve significance does not conclusively establish that there is only a single QTL.
shared among all four crosses. In the follow sections we
Linked QTL can be difficult to separate. Thus, even a modestly describe the local analysis for each of these six QTL significant result should be regarded as an indication that regions in order of their significance. In addition there multiple loci may be involved, because of the implications is suggestive evidence for QTL on each of chromosomes for the further steps in identifying the genes, e.g., breeding 7, 9, 15, 17, and 18 in at least one of the crosses. Howcongenic mouse strains or analysis of candidate genes. ever, we did not investigate these loci further.
Chromosome 4: Chromosome 4 presents a significant QTL in the combined-cross scans and it is significant RESULTS or nearly so in each of the individual crosses (Figure Genome-wide analysis of HDL QTL: We combined 3). In each case, the LOD curve shows a single quadratic the data from four crosses (P ϫ I, P ϫ D, C ϫ D, and peak centered on the region around 20-25 cM. The sup-C ϫ S) and constructed a cross indicator. Binary allelic port intervals in individual crosses ( Figure 5 and Table 2 ) states were coded on the basis of the parental phenoare 20 to 30 cM in width. Allele-effect plots (Figure 4 ) types as described above. We then carried out a comshow that in each cross the "B" allele is associated with bined-cross analysis to identify QTL associated with high HDL cholesterol levels. The test for cross-specific HDL cholesterol (square-root transformed). Figure 3 allele effects (⌬LOD1 ϭ 2.18, P ϭ 0.12) is consistent summarizes the genome-wide scans on the individual with a shared QTL. There is no evidence for multiple and combined data crosses. The combined-cross ge-QTL in this region (⌬LOD2 ϭ 3.49, NS). We conclude nome scan (Comb2) identified four significant QTL that the chromosome 4 locus is likely to represent a shared QTL with allelic distribution PC:IDS, consistent (chromosomes 1, 2, 4, and 6) and two suggestive QTL with parental phenotypes. The combined-cross support has a peak at 86 cM but it is bimodal with a minor peak at 50 cM. The test for cross-specific effect (⌬LOD1 ϭ interval based on the shared-QTL model (Comb1) is 16-28 cM. This represents a substantial narrowing of 7.8, P Ͻ 0.001) indicates that this QTL is not consistent with the binary encoding. On the basis of the assumpthe QTL region to ‫01ف‬ cM.
Chromosome 1: Chromosome 1 presents a significant tion of a single shared QTL, the most likely biallelic distribution is PIS:DC. Higher HDL levels are associated LOD score in the region around 86 cM in the combinedcross genome scan (Comb2) and significant peaks in with the P and S alleles (Figure 4) . We carried out a secondary analysis using only crosses crosses P ϫ D and C ϫ S. The C ϫ S LOD curve is unimodal with a peak at 76 cM. The P ϫ D LOD curve also P ϫ D and C ϫ S and encoded the alleles as PS:DC. LOD score, peak position, and support intervals are listed for significant or suggestive QTL found in this study. Significant QTL are shown in italics. Comb1 indicates the combined analysis assuming a shared QTL in all crosses. The LOD score is based on model (4) peak at 48 cM in the combined-cross genome scan (Figure 3, Comb2) . A similar peak occurs in cross C ϫ D but there is no evidence for a chromosome 2 QTL in any of the other crosses. The test for cross-specific QTL (⌬LOD1 ϭ 7.60, P Ͻ 0.001) is significant. Effect plots suggest that a recessive D allele is associated with high HDL in cross C ϫ D. We conclude that the chromosome 2 QTL is cross-specific with allele distribution PID:CS. The QTL is segregating in only one cross so there is no further advantage to combining cross data in this case. The QTL support interval based on cross C ϫ D is 40-56 cM.
Chromosome 6: Chromosome 6 presents a significant peak at 68 cM in the combined-cross scan (Figure 3 , Comb2). Significant peaks are also in the shared-QTL scan (Figure 3, Comb1) and in cross C ϫ D. A suggestive peak occurs in cross C ϫ S at 70 cM. In crosses P ϫ I and P ϫ D, chromosome 6 does not reach the suggestive level. The cross-specific QTL test (⌬LOD1 ϭ 5.63, P Ͻ 0.001) is significant and the allele-effect plots ( Figure  4 ) confirm that chromosome 6 is not a shared QTL. We conclude that the chromosome 6 QTL has allele distribution PIDS:C, where the C allele is associated with lower HDL. The alternative coding PIC:DS cannot be definitively ruled out in light of the consistent but weak evidence for a QTL present in cross P ϫ D.
Chromosome 5: Chromosome 5 presents a suggestive peak at 0 cM in the combined-cross scan (Comb2) and in cross P ϫ I, there is no advantage to combining data. The chromosome 5 support interval based on cross P ϫ I is 0-10 cM. For this analysis, ⌬LOD1 ϭ 0.06 (P ϭ 0.99), which is consistent with a shared QTL. The test for two QTL Chromosome 11: Chromosome 11 presents suggestive peaks at 26 and 20 cM, respectively, in the com-(⌬LOD2 ϭ 1.84, NS) does not suggest the presence of multiple QTL. However, there are a number of reasons bined-cross scans (Figure 3) . The cross-specific test (⌬LOD1 ϭ 3.19, P ϭ 0.023) is only marginally signifiwhy we should remain open to the possibility of multiple linked QTL in this region. First, we note that the peak cant. The individual cross scans show peaks that are nearly significant in crosses P ϫ I and P ϫ D whereas LOD scores in the individual crosses differ in location by 10 cM. Second, the combined-cross support interval the crosses C ϫ S and C ϫ D present no evidence for a QTL on chromosome 11. Together with the allele (68-102 cM; Figure 6 , Comb1) is not substantially narrower than the interval obtained by analyzing cross P ϫ effects (Figure 4 ), these observations suggest that the chromosome 11 QTL most likely has a P:IDCS allele D alone. Finally, the combined LOD curve is not unimodal. In a separate study Wang et al. (2004) have distribution.
On this assumption, we recoded the alleles and comshown that a polymorphism in Apoa2 (at 92 cM) is responsible for the C ϫ S QTL. Strains P and D do not bined crosses P ϫ I and P ϫ D. The cross-specific test in this case (⌬LOD1 ϭ 0.57, P ϭ 0.85) is consistent with differ at the causal polymorphism in Apoa2. The most likely candidate for the P ϫ D QTL is an uncharacterized a shared QTL and there is no evidence for multiple QTL (⌬LOD2 ϭ 1.72, NS). The support interval based locus that lies 6 cM proximal to Apoa2 (B. Paigen, personal communication) . This example underscores on the shared-QTL model (Figure 6 , Comb1) spans the region from 20 to 44 cM, still quite broad but narrower the importance of critically examining the LOD curves in a combined-cross analysis and the care that must be than the individual cross support intervals. Pairwise genome scans identified an interaction betaken in the interpretation of nonsignificant test results.
Chromosome 2: Chromosome 2 presents a significant tween loci on chromosomes 4 and 11. A significant LOD . These tools present genome-wide adjusted). The component of the LOD attributable to interaction alone is 4.53 (P ϭ 0.0003, an opportunity to explore the architecture of complex traits in greater depth than ever before. Combined-cross unadjusted). An allele-effect plot for the interaction is shown in Figure 7 . The pattern of the interaction suganalysis is just one of many possible applications that can be developed. gests that a homozygous CC genotype on chromosome 11 is required for the effect of chromosome 4 to be The binary encoding strategy described here is especially promising for application using the common expressed in this genetic background.
A second interacting locus pair was detected in cross strains of inbred laboratory mice due to the effectively biallelic nature of many polymorphic loci (Wade et al. C ϫ S between two loci on chromosome 11 at 10 and 25 cM. The two QTL plus interaction LOD score is 14.27 2002). Combining data from two or more inbred line crosses on the basis of a binary allele-effects model may (P Ͻ 0.05, genome-wide adjusted) and the component of the LOD attributable to the interaction is 12.86 (P Ͻ be applicable to other diploid organisms with similar breeding history to the laboratory mouse. The key as-0.001). Tightly linked and interacting QTL are always suspect. Closer inspection of this interaction revealed sumption is that there is a substantial prior probability that two common QTL alleles will be shared among the that the mouse with highest HDL level among all crosses (HDL ϭ 378 mg/dl, Figure 1 ) has a pair of recombinaparental lines. tion events on proximal chromosome 11 and this is the only mouse with genotype (CC/SS ϭ AA/BB) at these loci. In light of the singular nature of this event, we are inclined to disregard the finding. However, it does hint at the possibility that the suggestive QTL region on chromosome 11 region may harbor a more complex genetic architecture than we can resolve with these crosses. linear models in QTL analysis is often not recognized A combined-cross analysis may be conducted as a post the parental strain phenotypes (e.g., "in silico mapping"; Grupe et al. 2001 ) are likely to miss many important hoc meta-analysis of existing data. However, there may be some advantages to planning multiple-cross mapping features of the genetic architecture of complex traits. The results obtained with the test for multiple QTL experiments. Eliminating potential confounding factors and conducting the crosses in a controlled, uniform ⌬LOD2 in this study were somewhat disappointing. A previous study using an advanced intercross design environment minimizes gene-by-environment interactions and increases the likelihood that shared QTL will (Wang et al. 2003) suggested that chromosomes 1 and 5 are likely to harbor multiple HDL QTL. However, as be detected. There are tradeoffs to consider. A typical mapping study is constrained by the total number of these QTL appear to be tightly linked in coupling phase, the combined intercrosses do not provide sufficient resindividuals that can be generated and phenotyped. Generating progeny from multiple strains offers an advanolution to separate the effects. The evidence for multiple linked QTL on chromosome 6 is consistent with our tage in that more QTL can be detected. However, as we have seen in the example here, some of these QTL previous analysis of this QTL (Lyons et al. 2003a) . In other studies (M. A. Lyons, R. Li, G. A. Churchill and will be segregating in only a subset of the total progeny and this will reduce the power compared to a single-B. Paigen, unpublished results) we have successfully resolved multiple linked QTL with unambiguously sigcross study of the same total size. For example, four crosses of 250 individuals each should provide reasonnificant ⌬LOD2 results. For the purpose of combining crosses we recommend liberal interpretation of this test able power to detect QTL that account for 5-10% of the total variance even if allelic differences are limited and careful attention to other sources of evidence. In the combined-cross analysis we make an assumption to just one of the crosses. On the other hand, a single cross with 1000 progeny should have power to detect regarding the biallelic nature of QTL that occur in more than one cross. These assumptions may not be always QTL with effect sizes on the order of 2% of total variance but fewer loci are likely to be segregating. correct but they move us forward. The conclusions of a combined-cross analysis are intended to provide guidThe advantages of combined-cross analysis are increased power for detecting QTL and improved localizaance in follow-up studies. The possibility of multiple linked QTL and multiple alleles at a single locus must tion of shared QTL. As demonstrated in our example, these gains may be modest and will not by themselves always be kept in mind.
In conclusion, we have described and demonstrated provide gene-level resolution of QTL. We propose that combined-cross analysis could serve as a preliminary the utility of combining multiple crosses for QTL mapping. This technique offers an opportunity to better step to QTL localization by haplotype analysis (Wade et al. 2002; Wiltshire et al. 2003) . A combined-cross utilize existing data from resource-intensive breeding crosses and should have immediate benefits for QTL analysis can (usually) determine the parental allelic states on the basis of the pattern of QTL found in the analysis studies in the laboratory mouse. Application of the analysis techniques described here should improve individual crosses. Knowledge of the parental alleles can be leveraged to achieve very high resolution of QTL the power and resolution of QTL studies and will provide further insights into the genetic determinants of location by comparing the haplotypes of the parental lines in the QTL support interval to the predicted the complex phenotypes. biallelic pattern. In many instances this could provide 
